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A B S T R A C T   
Process monitoring and sensing is widely used across many industries for quality assurance, and for increasing 
machine uptime and reliability. Though still in the emergent stages, process monitoring is beginning to see strong 
adoption in the additive manufacturing community through the use of process sensors recording a wide range of 
optical, acoustic and thermal signals. The ability to acquire these signals in a holistic manner, coupled with 
intelligence-based machine control has the potential to make additive manufacturing a robust and competitive 
alternative to conventional fabrication techniques. This paper presents an overview of the state-of the art of in- 
situ process monitoring in laser powder bed fusion processes and highlights some current limitations and areas 
for advancement. Also presented is an overview of real-time process control requirements, which when combined 
with the emergent process monitoring tools, will eventually allow for in-depth process control of the powder bed 
fusion process, which is essential for wide-scale industrial credibility and adoption of this technology.   
1. Introduction 
Recently there has arisen a great interest in developing what is now 
referred to as “smart manufacturing” where process data from in-situ 
sensors, diagnostics or on- or at-line process monitoring tools are used 
to make autonomous decisions using machine intelligence. One branch 
of fabrication techniques making increasing use of these “smart” ap-
proaches in recent years is Additive Manufacturing (AM). The AM 
approach is an advanced manufacturing technique for the fabrication of 
metal, polymer, ceramic or composite parts which are formed layer-by- 
layer, ultimately forming a three-dimensional part with desired geom-
etries and mechanical or other properties, as translated from a Computer 
Aided Design (CAD) file as discussed in [1]. While AM initially saw use 
mainly in rapid prototyping, it can be used indirectly in production, 
producing dies or patterns, or directly producing the parts themselves 
with a variety of commercially relevant materials. As such, it has 
become established in industry for the production of high-value or 
low-volume parts such as those found in the aerospace and automotive 
industries [2]. AM provides the ability to revise or customise parts with 
minimal adjustments to the production setup and supply chain [3], 
which can reduce waste or energy-consumption, making it a highly 
sustainable production method compared to conventional 
manufacturing approaches. Furthermore, it allows for complex 
topology-optimised structures, including bio-inspired designs [4], which 
can deliver superior part properties such as high strength-to-weight ra-
tios [5]. 
Within AM, specific processes such as Powder Bed Fusion (PBF) are 
highly suited for the incorporation of in-situ or online sensing ap-
proaches. In PBF, a laser or electron beam is used to selectively melt 
polymer, metal or ceramic powders in a layer as defined by the operator 
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[6], as shown in Fig. 1. The part is then lowered and a fresh layer of 
powder coated on top of the previous layer, which is itself then selec-
tively melted, with this layer-wise approach repeated to form an entire 
part of defined geometry [7]. Two sub-categories exist depending on the 
thermal source used to selectively melt the powder layer. Where a laser 
beam is used as the thermal source for powder melting, the technique is 
referred to as Laser Powder Bed Fusion (L-PBF), and where an electron 
beam is used, it is referred to as Electron Beam PBF (E-PBF). In the PBF 
process, the most important controllable parameters are beam power, 
beam scanning speed and hatching distance, and powder layer thick-
ness, all of which can have a significant effect on the final part quality. 
To aid in understanding these effects, but especially to cope with the 
immense number of uncontrolled parameters, research is ongoing to-
wards the integration of process sensors and monitoring tools to allow 
for detailed characterisation of the build process, and prediction of the 
properties of the subsequent produced part. Both machine diagnostics 
(laser power, gas flow, etc.) and process sensor returns (melt pool 
temperature, etc.) can generate a large volume of data, with sampling 
rates well suited for real-time process monitoring. 
The incorporation of smart manufacturing approaches such as pro-
cess sensing into AM, and specifically PBF, would allow for the opti-
misation of various part properties such as dimensional accuracy, 
porosity, surface roughness and mechanical properties. By combining 
data such as input parameters, process sensor signals and the charac-
terisation of the final part, coupled with a system with learning and 
decision-making abilities, rapid optimisation of the finished part and 
processing conditions can be achieved. 
To improve control of the AM production process, there is a great 
interest in the development of novel process sensors, improving existing 
sensing techniques and assessing which combination of process sensors 
is best for specific processes, materials or parts. Therefore, it is of vital 
importance to understand which sensors are applicable to specific 
quantitative and qualitative measurements during the build and how 
best to relate these to final part qualities. The resolution, accuracy and 
reliability of the sensors used must be understood, especially when the 
final parts are to be used in safety critical applications such as in the 
aerospace industry. Specific qualities such as surface finish or porosity 
can be detected by multiple types of sensors and such a holistic approach 
should be adopted where possible, with the correct selected process 
sensors running concurrently to gather larger, more reliable and repre-
sentative datasets. This is particularly relevant where new AM processes 
or materials are being developed. 
2. Defects in powder bed fusion 
The PBF process can result in a number of part defects such as in-
ternal porosity, hot cracking, or the formation of the material balling on 
the surface of the part. These defects are often result from unsuitable or 
variations in the processing parameters during the build. This can result 
in an adverse effect on the final part quality and thus must be mitigated 
during the build if possible. Understanding the origins of these defects is 
therefore paramount to achieving optimal builds. 
2.1. Surface and geometric defects 
Outwardly visible defects present in pieces produced using PBF can 
be broadly categorised as either surface defects or geometric defects [8]. 
Of these geometric defects, those resulting in dimensional inaccuracy 
are the most immediately noticeable and problematic for PBF-based 
manufacturing. Depending on the extent of such defects, a piece may 
fall outside the tolerances required for its intended purpose rendering it 
unusable. Defects may be the result of low tessellation in the CAD data 
provided to the PBF machine [9] and are thus the result of user error, 
limitations in computational power or algorithmic error. Likewise, the 
fundamental limitations of the PBF apparatus itself can result in 
dimensional inaccuracies, whereby the geometric accuracy of a pro-
duced part is highly dependent upon the ultimate dimensional accuracy 
of the machine used [10]. Defects can also be the result of 
process-induced effects, such as thermal gradients [11] and residual 
stress [12]. Wegener et al. found that the most important source of these 
error effect is by far are thermal in nature, which may bring the part 
several millimetres out of the intended geometry [13] Thus, the process 
Fig. 1. Schematic of the PBF process. 
Reproduced from [7]. 
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parameters most likely to cause geometric defects are primarily those 
associated with the source of thermal energy source, i.e. the laser or 
electron beam parameters. 
Surface defects resulting from the PBF process can be categorised to 
encompass surface oxidation, deformation, roughness and balling [8]. 
Oxidation occurs when the material comprising the piece reacts with 
atmospheric oxygen present during the build. It has been found that the 
oxidation behaviour of PBF produced pieces is similar in mechanism to 
that in conventionally manufacturing processes involving the melting 
and solidification of material [14]. The use of an inert gas atmosphere 
during processing can limit or mitigate some of these oxidation effects. 
Surface roughness defects are a major factor in the fatigue and crack 
nucleation of where small surface peaks and valleys facilitate the initi-
ation and subsequent propagation of cracks through the piece [15–18]. 
Finally, balling – the formation of solidified balls of material on the 
part surfaces after melting – often occurs where the powder used in a 
PBF process has high surface tension in the liquid phase. This surface 
tension leads to poor wettability, leading to the formation of rough, 
bead-like solids and is often found when the melting-phase occurs at a 
relatively low energy density, generally disappearing with increased 
laser power or decreased scan speed [19,20]. Li et al. demonstrated this 
effect of scan speed (shown in Fig. 2) for stainless steel 316L parts [21]. 
These balls can form highly rough surfaces, or pores between two or 
more balls when in contact. Extreme balling can interfere with the 
powder recoating step in PBF process, resulting in the next layer having 
an uneven powder coating which can lead to compounding further de-
fects or geometric inaccuracies later in the build. 
2.2. Sub-surface defects 
Sub-surface defects, such as porosities or cracks can be commonly 
present in parts produced via PBF. Edwards et al. [22] found that 
porosity has a significant impact on the fatigue characteristics and crack 
propagation behaviour through a part and is thus a crucial factor to 
control during the build process. Porosities can form within individual 
layers, between adjacent layers (which can contribute to delamination 
of layers), or on the surface of parts. Kasperovich et al. [23] examined 
the formation of porosities in TiAl6V4 parts produced via PBF. Param-
eters such as laser scan speed and beam diameters were found to be the 
most crucial parameters to control for reducing the formation of pores 
(Fig. 3). Where insufficient or excessive scan speed and laser power were 
used, porosities were formed through two separate mechanisms. 
Incomplete melting of the powder as a result of low power or high scan 
speed resulted in the formation of narrow crack-like voids. Conversely, 
at high power or low scan speeds, the “keyhole effect” was seen whereby 
material in the meltpool was vaporised resulting in a bubble-like cavity 
upon solidification. This overmelting of the powder bed has a significant 
effect on the incorporation of unmelted powder, formation of voids and 
Fig. 2. Balling behaviour of stainless steel 316L in the PBF process. The process parameters used were a laser power of 190 W, hatch spacing of 150 µm and laser scan 
speeds of (a) 50 mm/s, (b) 400 mm/s, (c) 600 mm/s, and (d) 800 mm/s. 
Reproduced from [21]. 
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porosities, and ultimately the final density of the part [24]. 
The PBF process can often have large thermal gradients present 
during the build resulting in the formation of residual stress within the 
part. These are highly dependent on both the process parameters used 
and the material being formed. These residual stresses can lead to in-
ternal or external cracking where the residual stress state exceeds the 
tensile strength for a particular part. Extreme examples of this result in 
the delamination of individual layers or between individual laser scans, 
such as that shown in Fig. 4. Scan strategy can play a significant role in 
mitigating this, such as when each layer is processed at varying angles to 
their adjacent layers, or by ensuring there is sufficient melting of each 
layer. Louvis et al. [7] examined the effects of scan strategy for the 
fabrication of parts using aluminium alloys (6061 [AlMg1SiCu] and 
AlSi12), with extreme delamination seen where laser power was 
insufficient. 
3. In-situ process sensing 
Process sensing is commonly used in many advanced manufacturing 
processes such as the chemical, pharmaceutical and semiconductor 
manufacturing fields. These sensing approaches focus on the incorpo-
ration of sensors capable of recording acoustic, thermal, optical or other 
signals such as those normally monitored within biological systems [25] 
and has been noted as a key enabling technology for AM processes such 
as PBF, and manufacturing at-large [26]. Table 1 presents a summary of 
the in-situ sensing approaches used in PBF. 
3.1. Acoustic techniques 
Acoustic sensing in PBF measures either induced sonic or ultrasonic 
waves in the part, such as those produced as the laser is in operation or 
rely on transducers to impart sound waves into the sample. As these 
waves propagate through the part, the transmitted or reflected in-
tensities can be used to determine a number of part properties. To date, 
two primary techniques for acoustic-based sensing have been applied in 
PBF processes: Ultrasonic Testing and Acoustic Emission Spectroscopy. 
Fig. 3. The effect of PBF process parameters such as (a) scan speed, (b) hatch spacing, (c) laser power, and (d) focal distance on part porosity. 
Reproduced from [23]. 
Fig. 4. Delamination shown at the surface of an aluminium alloy 6061 
(AlMg1SiCu) specimen. Selected hatch distance of 0.4 mm was larger than the 
molten track width resulting in delamination. 
Reproduced from [7]. 
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3.1.1. Ultrasonic Testing 
A widely used non-destructive testing method for determining the 
presence of sub-surface defects is Ultrasonic Testing (UT). UT relies on 
the conduction of ultrasonic waves through a part and records a time- 
resolved acoustogram of the reflected or transmitted waves. UT is a 
common non-destructive test in industrial contexts [41], such as in the 
aerospace industry where it is used for fatigue testing during a part 
lifecycle. Aleshin et al. noted that UT would have strong potential as a 
metrological tool for AM produced parts, specifically when working 
with materials of alloys susceptible to the formation of large voids or 
porosities [42]. 
Offline metrology can rely on pulser/receivers or phased arrays of 
ultrasonic transducers [43] or the use of lasers for the generation of 
ultrasonic waves [44]. For in-situ monitoring, an ultrasonic transducer is 
mounted under the build plate, and ultrasonic waves transmitted 
through the build plate into the part, and the ultrasonic wave reflection 
recorded, often with the use of a combined pulser/receive unit for 
simplicity of the experimental setup. 
As an online process tool, Rieder et al. [27] demonstrated in-situ 
monitoring of a PBF process using a single UT transducer mounted un-
derneath the build platform during part fabrication which was capable 
of determining the presence of voids with simple geometries. Building 
on this work, Rieder et al. [28] demonstrated that porous layers, which 
were induced in an Inconel 718 part by varying the laser power during 
the build, were detectable using in-situ UT. Fig. 5 shows the recorded 
ultrasonic signal and corresponding X-Ray Computed Tomography (CT) 
image of a part fabricated via PBF. The variation of laser power for 
certain layers has induced a number of porosities, seen both on the CT 
image and via ultrasonic reflections. As the ultrasonic wave passes into a 
more porous layer, waves are scattered and reflected, and are recorded 
by the detector [28], which was also mapped to individual layers of the 
build itself. 
Given the complexity of CT compared to UT, this highlights the 
ability of a more conventional in-situ process tool to acquire data on part 
porosity. These detected waves are characteristic to each ultrasound unit 
and setup and can be calibrated through the production of parts with 
known internal porosities and voids, or by post-process analysis of part 
porosity through sectioning micro-CT analysis. UT has the advantage to 
Table 1 
Overview of reported in-situ process sensing approaches in PBF.  





Ultrasonic Testing – Porosity 40 – [27, 
28] 




– Balling, Overheating, Porosity, Cracking – – [29, 
30] 
More suited for qualitative process monitoring. 
Optical Imaging On/Off Powder Bed Irregularities, Overheating – – [31, 
32] 




On/Off Overheating, Porosity –  [33] Commonly used in other advanced manufacturing 
techniques such as plasma deposition. 
Optical 
Tomography  
Balling, Surface Roughness, Dimensional 
Accuracy, Powder Bed Irregularities, Lack-of- 
fusion defects 
– – [34, 
35] 
Suitable for sub-surface defect detection. 
X-Ray Tomography  Porosity – – [36, 
37] 
Less developed for in-situ AM applications than 
other tomographic methods. 
Optical Coherence 
Tomography 
On/Off Porosity 20 50 [38] Can examine powder bed, core part regions or 
bending defects on part. Limited to surface 
analysis. 
Pyrometry On/Off Overheating – – [39] Suitable for single or multiple point measurements 
in the build area. Total scan area depending on 
optical setup. 
Infrared Imaging On/Off Overheating – > 600 × 600 [40] Can be scaled to entire build areas with reduction 
in spatial resolution.  
Fig. 5. An in-situ ultrasonic scan and corresponding X-Ray CT image of an Inconel 718 part. Porosity was induced in the sample by reducing the laser power at 
specific points in the build. This porosity was evident via UT by increased ultrasonic reflections within the porous layers. 
Reproduced from [28]. 
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be used both in-situ as an online process monitoring tool, and offline as a 
QA tool, allowing correlation of on- and offline data. UT can also be 
multiplexed with multiple transducers to allow for large area acquisi-
tion, though the data analysis becomes increasingly complex, and pre-
sents a potential area for artificial intelligence in AM data analysis. 
3.1.2. Acoustic Emission Spectroscopy 
Through examination of the acoustic emission during a PBF process, 
it has been possible to detect defects such as cracking, delamination, 
excess surface roughness, or the formation of pores. Ye et al. [45] re-
ported in-situ acoustic monitoring of PBF of 304 stainless steel using a 
Fig. 6. Acoustic Emission signals and corresponding micrographs for (a) balling, (b) slight balling, (c) normal and (d) slight overheating, and overheating, (shown in 
(e) for comparison). 
Reproduced from [45]. 
R. McCann et al.                                                                                                                                                                                                                                
Additive Manufacturing 45 (2021) 102058
7
microphone with a frequency response from 0 to 100 Hz. Fig. 6 shows 
the recorded acoustagrams and corresponding optical micrographs. 
Their acoustic monitoring system was able to distinguish between 5 
different defect states: balling of material on the surface, slight balling, 
normal deposition, slight overheating, and overheating. 
Smith et al. [29] used spatially-resolved Acoustic Emission Spec-
troscopy (AES) for in-situ inspection of part porosity, during PBF. While 
the technique does not yet allow for accurate quantification of defects, it 
can be used to acquire qualitative data about part quality during the 
build process. As the recorded signals are quite complex with multiple 
factors effecting small to large changes in overlapping frequency spaces, 
artificial intelligence and machine learning is often employed for anal-
ysis of these signals. 
Shevchik et al. [30] utilised Acoustic emission spectroscopy AES and 
artificial neural network analysis to categorise samples (poor, medium, 
and high quality) as defined through ratings of part porosity. The system 
also employed a laser Bragg grating as the acoustic sensor element, 
which is well suited to high noise environments. The algorithm cat-
egorised these defects with an approximately 80% accuracy to the cor-
rect category of part. As acoustic signals resulting from the PBF process 
are quite complex, this result highlights the current state of the art of 
machine learning approaches in simplifying acoustic emission data 
analysis. 
3.2. Optical techniques 
Imaging approaches towards process monitoring are attractive op-
tion given their ease of use, ability to be located at a distance from the 
build environment and ease of incorporation into existing systems [46]. 
Conventional optical or IR imaging provides information on the surface 
of the part or powder bed, while tomographic methods can provide in-
formation regarding the internal structure of parts during fabrication. 
3.2.1. Optical Imaging 
In-situ optical monitoring techniques are based on visible or near- 
infrared imaging, with analysis of the data obtained from this straight-
forward method allowing detection of defects during part production 
[47]. In one approach, Craeghs et al. investigated powder bed moni-
toring during the PBF process via optical imaging [31]. This technique 
allowed for monitoring of the powder layer recoating process and any 
disruptions in the powder bed, shown in Fig. 7. Disruptions in the 
powder bed may be as a result of damage to the recoating blade, 
movement of the part on the build tray, or issues with powder supply. As 
the recoating process has significant impact on the resultant part quality, 
this form of optical sensing has immediate implications towards process 
monitoring. Zhang et al. demonstrated the use of digital fringe 
projection for in-situ optical monitoring in a PBF process [48]. The 
system records data on the surface of the powder bed and the part top 
surface in a layer wise manner. Though the authors note that setup of the 
system is non-trivial, due to the optical scattering behaviour of the part 
and powder bed, the system presents a potential optical route for pow-
der bed and part monitoring during the build process. 
Examination of the meltpool via in-situ optical imaging is a highly 
active area of investigation. This is unsurprising considering the amount 
of information on the thermal behaviour of the process that can be 
extracted. Optical imaging can be used to estimate the melt pool tem-
perature in a similar method to thermal imaging, though not requiring 
IR-specific sensors, instead exploiting the NIR spectral range of com-
mercial optical cameras. Yadroitsev et al. [32] demonstrated this tech-
nique using an on-line CCD camera to monitor the melt pool for 
Ti6Al4V. Using the solidification temperature as a reference point, the 
optical intensity could be used to estimate the temperature of the 
meltpool, allowing a correlation to the input parameters such as laser 
power, irradiation time, and scanning speed. 
Though getting precise thermal measurements from optical exami-
nation can prove difficult, indirectly examining irregularities in the 
meltpool can yield significant information. Yang et al. utilised a high- 
frame rate camera for detection of melt-pool irregularities and splatter 
of and Inconel 625 process [49]. The high-frame rate of the imaging 
system was capable of rapid detection of overmelting of the powder bed 
and for statistical process control analysis, and significant scope for 
adaptive process control. Criales et al. utilised in-situ video imaging to 
examine meltpool behaviour during PBF of nickel alloy 625 [50]. The 
system was capable of detecting overmelting, and the data gathered by 
the system on the heating and cooling rates was also noted to be useful to 
validate models of the microstructure of produced parts. Similar work 
using 2D finite element modelling showed the capability to extend 
meltpool imaging towards modelling of part properties such as density 
[51]. 
Repossini et al. examined the behaviour of a maraging steel meltpool 
using high-speed off-axis in-situ imaging [52]. While the system was 
capable of detecting splatter, efforts to quantify process errors in the 
heat affected zone proved difficult with the off-axis setup. Despite this, 
the authors note that there is scope for this approach in conjunction with 
on-axis monitoring where complex part geometries are present in the 
build. 
Mazzoleni et al. examined both visible and infrared wavelengths 
using a CMOS imaging camera and found it was possible to more 
accurately capture information relating to the melt pool, plume dy-
namics and exploit the dynamic range of CMOS in the IR region. This 
highlights the choice of wavelength and hardware for in-situ imaging 
applications especially where high resolution is required for real-time 
control [53]. 
The application of Convolution Neural Networks (CNNs) to infrared 
imaging techniques can yield significant benefits allowing for real-time 
process monitoring [54]. The CNN required for real-time monitoring 
using infrared imaging was significantly less complex in comparison to 
that required for real-time monitoring using visible wavelength imaging 
[54,55], therefore requiring less powerful computing equipment and 
providing quicker calculations. This once again highlights wavelength 
range selection in imaging as highly important in real-time applications, 
especially closed-loop control where rapid corrective action may be 
required. 
Even with advances in processing speed, the application of CNNs 
have mostly been limited to process monitoring due to the time required 
between data acquisition, processing and an action being taken [55]. 
The use of high-speed Field-Programmable Gate Arrays or 
Application-Specific Integrated Circuits for data acquisition, coupled 
with efficient CNNs have the potential to allow the use of readily 
obtainable data to predict a wider variety of properties in real-time and 
for closed-loop process control. 
Looking beyond optical or near-optical imaging, ultrafast x-ray 
Fig. 7. Optical camera image of the powder bed surface after powder spreading 
with a worn recoater blade. 
Reproduced from [31]. 
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imaging has been applied in the examination of the fusion mechanism 
[56,57] and melt pool irregularities [58] in PBF. The use of in-situ x-ray 
imaging allows for high spatial resolution, and initial results show po-
tential as a possible method for increasing the fundamental physical 
processes occurring in PBF processes. However x-ray imaging remains 
an unexplored avenue for real-time process control. 
3.2.2. Optical Emission Spectroscopy 
Optical Emission Spectroscopy (OES) has been widely used for 
monitoring a range of plasmas and plasma processes for research and 
industrial applications. OES data collected from a plasma has an abun-
dance of information and can be used for a broad range of process 
control, process monitoring and troubleshooting applications [59]. OES 
has also attracted enormous interest as a powerful means to characterise 
laser induced plasmas, and to investigate the consequent laser material 
interactions in laser processes such as welding or nitriding [59]. 
Early work by Szymanski et al. using OES analysis of CO2 laser 
induced welding plasmas for titanium and stainless steel found that the 
plasma is in a state of thermodynamic equilibrium [60]. With this 
assumption they estimated the electron temperature using the ratio of 
the emission line intensities and the electron density from Stark 
broadening of atomic lines [61,62]. Many studies have been performed 
to explore the possibility of using OES as a real-time monitoring tool for 
laser induced plasma processes. Ancona et al. carried out real-time 
electron temperature calculation using Fe(I), Cr(I) and Mn(I) emission 
lines from stainless steel welding plasma and the temperature variation 
was correlated with the formation of welding defects [63]. Similarly, 
real-time monitoring of both process stability in laser hot wire cladding 
and the quality of the arc welding were also performed using OES [64, 
65]. In-process OES investigations of laser-induced aluminium alloy 
5083 welding plasmas found a correlation between the spectral features 
and the formation of oxide layers on the surface of the welding seam, 
which had originated via the vaporisation of alloying elements and 
defective gas shielding [66]. 
In a different study, Nasser et al. employed OES to investigate laser 
nitriding of titanium [67]. As part of developing a fast and accurate 
method for the real-time composition analysis, Song et al. incorporated 
the OES technique in order to monitor the direct metal deposition 
(DMD) process of pure chromium and H13 tool steel materials, and their 
OES-based analysis was capable of predicting Cr compositions with a 
prediction error of 0.06% [68]. Though the laser welding and nitriding 
processes vary significantly from the PBF process, nevertheless it serves 
to highlight that there is significant body of work on the laser plasmas 
from materials with which to compare data from AM processes. These 
works combined with existing databases such as the National Institute of 
Standards and Technology (NIST) Atomic Spectra Database [69], can 
serve as reference material and starting points for investigations into 
OES in AM processes. 
Although OES has been used in blown-powder AM processes, limited 
reports are available on its application to PBF-based AM processes. As 
part of the development of a real-time communications architecture for 
metal PBF process, Dunbar et al. demonstrated real-time measurement 
of the build process using OES [33]. They used an Ocean Optics 
HR2000-ES spectrometer mounted at a fixed location inside the build 
chamber to monitor the optical emissions and to measure the effect of 
the defocussing parameter in a 3D Systems ProX 200 machine [33]. In 
this work, they were able to provide comparisons of emission spectra by 
isolating spectrometer measurements at different defocus positions of 
the PBF process laser beam [33]. As a continuation to this work, Dunbar 
and Nassar conducted real-time OES monitoring of PBF AM processing 
of an Inconel-718 component build-up in a 3D Systems ProX 200 tool 
[70]. They developed an off-axis dual-spectral sensor based on 
line-to-continuum measurements of Cr I emissions around 520 nm and 
found that these emissions can be correlated with the defects within PBF 
AM-manufactured components [70]. 
In-situ OES has been employed to monitor the PBF process with 304L 
stainless steel in a home-built PBF system (Fig. 8), as reported by Lough 
et al. [71]. While the implementation of OES for the PBF process is 
somewhat challenging, due to the presence of the galvo-scanner guided 
laser beam as well as the moving melt pool, they introduced spectrom-
eter optics into the laser beam path using a beamsplitter which was 
on-axis with the galvo-scanner and PBF laser [71]. Using the in-situ OES 
analysis they could correlate the calculated plume temperature with the 
melt pool size and found the dependence of the chamber type and 
pressure on the PBF process (Fig. 9). 
Lough et al. demonstrated that the OES can be used to provide useful 
feedback to the PBF process for process monitoring and part validation, 
if it is implemented in-line with the laser path in a commercial system 
[71]. Very recently, Rao et al. demonstrated the implementation of a 
multispectral optical emission sensing technique together with a graph 
theoretic signal analysis technique for detection and identification of 
porosity in PBF of nickel alloy 718 [72]. Using this approach they pre-
dicted the porosity on a layer-by-layer basis with ~90% accuracy in a 
computational time of < 0.5 s [72]. In-situ OES measurements have also 
been shown effective for the prediction of properties such as porosity 
[72], flaw density [73], and overall part quality [73,74]. Although there 
are many studies showing the potential of the OES technique for 
laser-induced plasma characterisation, more research needs to be 
focused on the implementation of OES for real-time monitoring of PBF 
processes in order to investigate the effectiveness of this technique for a 
range of materials, defects, laser parameters, varying geometries, etc. in 
commercial systems. 
3.3. Tomography 
It is possible to yield tomographic data of parts produced via PBF by 
building a 3D representation comprised of many 2D cross-sectional 
images taken during the build process. The nature of PBF is comple-
mentary with this tomographic approach as the piece can be charac-
terised by optical or other imaging approaches in a layer-wise manner. 
Optical tomography at visible wavelengths has been demonstrated for 
detection of lack-of-fusion defects during the melting process [34]. This 
approach yielded high-resolution data that was applied towards auto-
matic defect detection in the produced parts. 
Ubiquitous in many fields including AM [36,37], micro X-ray Com-
puter Tomography (μ-CT /XCT) is a common metrological technique for 
post-fabrication characterisation, but can suffer from large variation in 
quality between scans [75]. Townsend et al. developed a technique for 
the extraction of areal data from volumetric XCT scans of PBF produced 
parts [76]. As the production of internal features is one advantage of AM 
over conventional manufacturing, this new XCT technique has potential 
for assessment of the internal surfaces and simplifying the quality 
assessment of these parts. 
This technique can also be applied as an in-situ sensing approach and 
has been demonstrated in the identification of defects such as lack-of- 
fusion, porosity and balling during the PBF process [37,77]. Recently, 
it has been found that combining optical tomography with infrared to-
mography can result in a technique capable of detecting defects with an 
accuracy comparable to that of μ-CT [35]. This combined technique has 
the potential to be a lower-cost alternative for subsurface defect detec-
tion with significantly lower hardware requirements than μ-CT. 
Another tomographic approach suitable for in-situ monitoring is 
Optical Coherence Tomography (OCT). OCT is based on a technique 
referred to as Coherence Scanning Interferometry (CSI), wherein 
constructive and destructively interfering reflected light is used to 
topographically and optically map a surface with repeated CSI mea-
surements, allowing a full picture of the part as it is formed. OCT has 
found increasing applications in AM fabrication processes and PBF in 
particular [38]. By taking repeated CSI measurements, a tomographic 
view of the piece can be built up for analysis. The optical setup for OCT 
uses a laser interferometer which is set up to be optically in-line with the 
PBF laser. This allows for a simpler optical setup, while also having the 
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functionality of examining the laser melt process during part fabrication. 
OCT can be considered a light-based analogue to ultrasound, and 
offers wavelength-encoded depth information of a sample with 1–20 µm 
axial resolution [78]. This imaging technique is the standard of care in 
ophthalmology, where it is used for corneal and retinal imaging. Neef et 
al. [78] demonstrated OCT in a PBF process allowing for inspection of 
the powder bed prior to melting, inspection of the melt pool and 
inspection of the produced part surface in each layer. Non-uniformity in 
the powder bed and defects of approximately 50 µm were seen after 
processing (see Fig. 10) highlighting the ability of the technique to 
detect fine defects in the build process. 
One study found OCT to be comparable to confocal microscopy and 
X-ray μ-CT when examining parts produced via PBF, however the au-
thors note significant uncertainty and disagreement between techniques 
Fig. 8. (a) Schematic of the optical components of the PBF system with spectrometer inserted into the beam path, and (b) variation of optical emission signals from 
plain carbon steel and stainless steel. 
Reproduced from [71]. 
Fig. 9. Correlation of melt pool size to average plume temperatures during single layer processing. 
Reproduced from [71]. 
Fig. 10. Surface profile scans of powder material and a PBF produced structure as recorded using OCT. 
Reproduced from [78]. 
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when assessing topographical details [79]. Despite this uncertainty, OCT 
was found to offer the potential for sub-micrometre resolution, allowing 
for the more accurate identification and assessment of defects. In-situ 
OCT testing has been shown to have similar capabilities to μ-CT 
methods with the additional benefit of allowing for the identification of 
dross and measurement of layer roughness [80], a measure correlated 
with overall part quality. 
3.4. Thermal techniques 
Thermal measurement is a common process non-contact sensing 
approach in advanced manufacturing laser processes such as welding, 
thermal hardening, cladding and more recently for both L-PBF [81] and 
E-PBF [82,83]. By measuring the thermal radiation emission from the 
powder bed under laser irradiation, it is possible to gain insight into the 
thermal gradients present the in the PBF process which can have sig-
nificant influence in final part properties such as microstructure. 
3.4.1. Absolute vs. radiant temperature 
Non-contact IR thermal measurements rely on radiant thermal 
emission, which can vary significantly from the absolute temperature of 
the emissive body itself. This presents a significant potential source of 
error when accurate temperature measurement is required for modelling 
or quantitative determination of physical processes occurring during the 
build. 
A key physical parameter for IR measurements is the emissivity of 
the radiative material, in the case of PFB, the powder bed, meltpool and 
solidified part. The emissivity of a material is highly dependent on both 
temperature and wavelength, surface morphology [84] and the oxygen 
content of the feedstock, and can change when the material is subjected 
to multiple heating cycles, such as through powder recycling in PBF 
[85–87]. This clearly shows the importance of accurately quantifying 
the emissivity of the feedstock material though all stages of use, espe-
cially when powder is used through multiple cycles, prior to determi-
nation of the temperatures present. Zueco et al. presented a method to 
estimate the emissivity over relevant temperature ranges using a 
numerically solved network simulation [88]. This approach would allow 
for more accurate determination of the temperatures present in the PBF 
process, and also serves to highlight the use and applicability of novel 
modelling techniques when approaching problems such as emissivity in 
the PBF process. 
Rodriguez et al. examined the fundamental difference between ab-
solute and radiant temperatures present inside an Ti6Al4V E-PBF pro-
cess [84]. A blackbody radiator was used to calibrate the IR system, and 
a model was developed for the powder emissivity, which was then 
compared to experimentally determined emissivity using a blackbody 
radiator which had a 4% standard deviation when compared to the 
experimental thermocouple data. Ultimately a difference of approxi-
mately 366 ◦C between the uncorrected and corrected radiative tem-
peratures (1038 ◦C vs. 672 ◦C) was seen when the IR thermography was 
corrected to account for emissivity during the E-PFB process. This 
highlights that radiative and real temperature measurements can vary 
significantly but through diligent modelling or measurement of the 
emissivity, and knowledge of the process, and calibration of sensors, can 
ultimately be corrected for. The authors also note that the model they 
present can be adapted to other AM processes where radiative thermal 
measurements are being taken. Work by Hooper compared IR imaging 
and thermocouple measurements, demonstrating another potential 
route towards quantitative calibration of thermal measurement equip-
ment in PBF [90]. 
Thermal measurements in PBF are generally surface-based, and the 
thermal gradients between layers in a PBF build can have significant 
impact on the ultimate part properties. Williams et al. examined this 
using IR imaging, which were calibrated against thermocouple mea-
surements to allow accurate determination of real temperatures [89]. 
The inter-layer cooling time, defined as the time between an area being 
scanned by the laser from layer-to-layer, was seen to have influences on 
microstructure formation, porosity, and melt-pool size. The authors note 
that knowledge of the surface temperatures is required when high 
confidence in consistent microstructure and part density is required for 
L-PBF produced components. 
Other process conditions can significantly interfere with the mea-
surement of the powder bed. Laser plume and plasma emissions, splatter 
ejection and ambient gas pressure and flow can have an impact on the IR 
emission and thus contribute a source of error to thermal measurements. 
Despite all this, the examination of the relative temperature differences 
present in a build, or from build-to-build, would still allow for statistical 
process control without requiring accurate calibration of the IR sensor, 
by examining variations in thermal emission, or thermal emission from 
unexpected areas of the powder bed. 
Of the reports to date on thermal monitoring of PBF processes, most 
utilise either IR imaging or pointwise pyrometry, and there is significant 
differences in the data acquired between these two techniques. 
3.4.2. Pointwise pyrometry measurement 
Photodiode pyrometers are widely used in research and industry. 
They detect light emitted from the melt pool and convert it into an 
electrical signal which is proportional to the light intensity and is thus 
characteristic of the melt pool emissivity and behaviour [91]. This 
emissivity is highly individualised to the feedstock powder composition 
and size, and thus sensors must be calibrated prior to quantitative 
measurements being made. Despite this, even relative build-to-build 
measurements can allow for qualitative measurement of the repro-
ductivity of a PBF process and allow for error detection. In contrast with 
thermocouples, pyrometers provide more flexibility for non-contact 
measurement which is necessary in the dynamic PBF process. Howev-
er, pyrometers may have higher hardware or integration costs than some 
other techniques such as IR camera imaging depending on the resolution 
or thermal accuracy requirements in the process [92,93]. 
Mahato et al. [39] used the IR intensities recorded from two py-
rometers fitted on a PBF machine for the prediction of part quality. The 
PBF machine was fitted with two pyrometers which detect the light 
emitted from discrete areas of the melt pool within the range of 
1500–1700 nm. This dual pyrometer arrangement allows for investiga-
tion of both temperature at the laser spot, and the temperature gradient 
in the surrounding powder or meltpool. In a similar arrangement, Pavlov 
et al. [94] developed their original bi-colour pyrometer setup to measure 
the melt pool temperature in PBF for a range of the main processing 
parameters including layer thickness, hatching distance and scanning 
strategy. Despite using arbitrary units to display the pyrometer data of 
the temperature, the study produced very interesting results which help 
to understand the input thermal distribution, and effect of scanning 
strategy, shown Fig. 11. Significant variation in the signal was seen as a 
function of parameters such as hatching distance, or powder layer 
thickness which allowed for application of this online monitoring system 
towards part quality control. 
3.4.3. Thermal imaging 
Several studies have been carried out using both cameras and optical 
sensors to investigate thermal dynamics within additive manufacturing 
processes such as PBF and Direct Energy Deposition (DED) [40,95–99]. 
Berumen et al. [40] used the arrangement shown in Fig. 12 to record the 
melt pool geometry and the mean radiation intensity emitted by means 
of a 10 kHz camera and a photodiode. 
This arrangement was first patented and licensed by Concept Laser 
[100] and later was developed and brought to industry in collaboration 
with KU Leuven. Another similar arrangement was also adopted by 
Clijsters et al. [101] and is under development for the real-time moni-
toring and detection of when melt breakage or material discontinuity 
occurs in AM process. This setup uses a high-speed CMOS camera to 
capture images within a wavelength range of 780–950 nm, below the 
laser wavelength of 1070 nm. The melt pool information is then 
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converted into a surface map corresponding to variations relative to a 
baseline. Fig. 13 shows an example of an acquired algorithmic mapping, 
and the corresponding microscope images for a AlSi10Mg part. The 
pores can be seen on both the computed xy-map the microscope image, 
and are a result of melt pool variation, thus demonstrating the system is 
capable of defect detection. In this approach sensitivity and accuracy of 
these maps is highly dependent on the data processing algorithm, is less 
sensitive to smaller defects and can result false positives where simple 
pixel thresholding is not robust enough to discriminate meltpool varia-
tion. Furthermore, there appear mismatches between the mapped pore 
locations and those visible under microscopy which was attributed to 
polishing of the specimen prior to imaging. Ultimately, the authors note 
that while proof-of-concept for this approach has been achieved, further 
work is required to validate and increase the robustness of this 
technique. 
Heigel et al. examined the effects of laser parameters on melt pool 
geometry and temperature in a L-PBF machine [99]. A high-speed (1800 
frames per second) sensor was used to capture the radiation in the range 
of 1350–1600 nm. Fig. 14 shows the melt pool images for a single line 
track on a solid Inconel IN625 sample. As thermal cameras generate an 
electric signal which is proportional to the temperature of the material, 
they therefore require calibration or a reference signal for quantitative 
analysis. The resulting melt pool dimensions and temperature reported 
in Fig. 14 are therefore approximate and have a degree of error if 
emissivity is not quantified. Nevertheless, these approximate measure-
ments can be used for build-to-build comparison as a useful measure of 
process reliability. Arısoy et al. examined an IN625 process using in-situ 
IR monitoring and compared the results to a simulation using finite 
element analysis [102]. The model agreed reasonably well with the 
experimental data, and the thermal modelling allowed for prediction of 
the thermal gradients within the meltpool and the resulting micro-
structure formation during solidification. However, it should be noted 
that there is no reliable way to generalise this data to parts with different 
geometries or to parts produced using different build conditions, and 
thus this approach is currently limited to the enhance prediction of part 
microstructures where matching in-situ thermal data exists. 
Bayle et al. combined and compared the two measurement methods, 
with the dual IR imaging and pyrometry setup shown in demonstrating 
the ability for highly accurate spatial and temporal measurement of the 
thermal gradients present in the PBF process [103]. Chivel et al. used a 
similar dual pyrometer/IR imaging arrangement allowing for accurate 
measurement of both the thermal distribution and the peak temperature 
[104], again demonstrating the potential advantages to multiple sensing 
approaches in a single system. 
In contrast to the approaches used in L-PBF processes, in E-PBF 
processes, it is not possible to mount optics co-axially with the electron 
beam, and the vacuum atmosphere can allow for vaporised material to 
condense on optics and the viewing windows within the system. As such, 
modifications must be made to allow thermal imaging [82,105]. 
Schwerdtfeger et al. [105] mounted the IR camera inside the build 
chamber on an E-PBF machine at a 15◦ angle with respect to the e-beam 
axis, and placed a ZnSe window in front of the camera for protection, as 
shown Fig. 15. This demonstrates that IR thermal imaging can be con-
ducted on E-PBF processes when the appropriate modifications are 
made. Ultimately, as advances are made in thermal measurement, some 
technologies developed for E-PBF may be suitable for L-PBF and vice 
versa, and consideration should be given to adapting these or existing 
techniques where feasible. 
3.5. Commercial systems with in-situ sensing 
To date there are several L-PBF machine Original Equipment 
Fig. 11. An acquired pyrometer signal versus powder layer thickness. 
Reproduced from [94]. 
Fig. 12. Schematic of (a) in-line camera and photodiode assembly, and (b) image of the melt pool showing the varying intensity. 
Reproduced from [40]. 
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Manufacturers (OEMs) providing systems equipped with in-situ process 
monitoring capabilities. The added benefits of integrated process 
monitoring, such as process fault detection, are especially valuable when 
the machine is in a production environment or when a new part design 
or material is being deployed. This is an area of rapid development and 
what is presented here will no doubt change quickly in the coming years 
as novel sensing approaches become validated through the current 
extensive research and development. 
Renishaw PLC produce L-PBF systems that are equipped with both 
laser and melt pool monitoring capabilities. Their system, known as 
InfiniAM, can provide information on the operational behaviour of the 
laser, through the LaserView module, while the MeltView module pro-
vides insight into the stability and temperature of the melt pool. 
LaserView measures the intensity of the laser input at rates of up to 
2 MHz for every pulse of the laser. This can allow for any deviation or 
drift in the laser to be easily identified. This relative measurement of 
laser power can also be combined with system calibration information to 
monitor the laser performance over long periods of time. The MeltView 
system uses co-axial photodiode to monitor the emissions generated by 
the melt pool. Visible plasma emissions in the 300–700 nm wavelength 
and IR emissions in the 700–1700 nm wavelength ranges are captured 
using this system. The preparatory Spectral software then converts this 
data into 2D and 3D representations, in order to give visual feedback to 
the user [106]. More recently, Renishaw launched their acoustic 
monitoring system, InfiniAM Sonic. This system is composed of four 
high frequency acoustic sensors that detect vibrations from different 
locations on the build platform. By comparing the time at which specific 
sounds are detected by each of the four microphones, it is possible to 
estimate the location of the emission. The user is then presented with 
this data, including the uncertainty in the position, thus aiding users in 
early potential fault detection [107]. 
SLM Solutions GmbH, providers of a range of L-PBF systems, also 
provide laser and melt pool monitoring systems. Their Laser Power 
Monitoring (LPM) is an on-axis system that provides feedback on the 
actual and target emitted laser power. Time based recordings are taken 
of the actual laser power, allowing any slow but constant deviations in 
the laser performance to be detected. The associated software immedi-
ately provides data relating to the actual, target and the percentage 
deviation between the two [108]. SLM solutions on axis Melt Pool 
Monitoring (MPM) system records the thermal radiation emitted from 
the melt pool during the production process. The melt pool thermal 
radiation, recorded at a rate of 100 kHz, is measured by a dual photo-
diode array. This data is synchronised with the laser x/y positions and is 
displayed instantly within the software. This system can be used to 
optimise the process parameters of individual components [109]. 
Velo 3D Inc. offers an in-situ process monitoring capabilities through 
its Assure system. The Assure system uses multiple sensor to predict the 
bulk properties of components produced on their L-PBF machines. Off- 
axis sensors are utilised to map the powder layer, allowing for pro-
trusions through the powder to be detected. Similar to other in-situ 
monitoring systems, Assure used on-axis sensors to monitor the melt 
pool emissions generated during the build process. Unlike some moni-
toring systems, however, Assure provides a method of assessing the 
health of the L-PBF machine prior to commencing a build. The system is 
capable of monitoring the optical set up, sensors, consumables, and 
powder bed quality prior to and during the build, and displays the data 
directly on a user dashboard [110]. 
Concept Laser GmbH, a GE Additive company, have a suite of in-situ 
process monitoring capabilities. QM coating module uses a camera to 
monitor the powder bed after recoating. The system can detect whether 
sufficient powder has been deployed or not, the system can then adjust 
the powder dose to suit. QM Melt pool 3D is a co-axial system that 
monitors melt pool emissions. This system can determine the size and 
intensity of the melt pool created during the process. A 3D visualisation 
tool is then used to inform the operator of the intensity of the melt pool 
emissions [111]. 
Aconity3D GmbH manufacture systems which optionally include on- 
axis high-speed camera and pyrometry systems for melt pool monitoring 
in each of their machines [112]. Their camera system uses a high-speed 
CMOS, and a secondary low power laser for illumination of the melt pool 
area. Their pyrometry system incorporates 2 high-speed pyrometers, 
operating at NIR with a repetition rate of 100 kHz. These monitoring 
systems are controlled by the same Aconity Studio software that controls 
the L-PBF system to which they are attached. This software allows for 
real-time process monitoring and allows the pyrometry unit to produce 
pyrometric tomography scans by creating layer-by-layer emission maps. 
These systems scans can then be used for the optimisation of process 
parameters for part production. 
It is noted that the Panda™ L-PBF system from Open Additive LLC. 
can be configured with the optional AMSENSE® data collection and 
analysis platform [113]. Available process sensing modules include 
real-time photo and video imaging of the build area as standard with 
optional high-resolution recoating imaging, NIR tomography and 
splatter tracking are available. These modules are also available as 
stand-alone units for integration in other manufacturer’s L-PBF systems. 
Aside from machine OEM’s, companies such as Sigma Labs supply in- 
Fig. 13. Comparison between (a) computed map and (b) microscope image showing pores formed in an AlSi10Mg part. 
Reproduced from [101]. 
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Fig. 14. IR images of the resultant melt pool for seven sets of process parameters using Inconel IN 625 as the feedstock material. 
Reproduced from [99]. 
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situ process monitoring systems that can be retrofitted to L-PBF ma-
chines. Sigma Labs technology includes both on-axis and off-axis sensors 
to monitor the build process. Proprietary quality metrics can provide the 
user with an indication of the quality of the build [114]. A comparison of 
commercially available monitoring system is shown in Table 2. While a 
broad range of approaches from commercial systems is available, the 
systems listed in Table 2 are in no way exhaustive and many other PBF 
suppliers and third-party process monitoring systems are available. 
4. Real-time process control 
4.1. Requirements for real-time control 
Real-time process control describes the use of in-situ monitoring of 
process signals and part properties to provide feedback, which is used to 
modify the build parameters during the process in a closed loop. PBF 
methods are sensitive processes, with a large number of process pa-
rameters and possible defects which are influenced by these parameters. 
The large number of interacting controllable and fixed parameters cre-
ates a highly dynamic and complex melt pool environment; encom-
passing the varied absorption of the beam by the powder and melt pool, 
melting and resolidification, wetting behaviour, heat conduction, 
capillary effects, gravity, etc. [115]. 
Despite the sophistication and numerical control involved in AM, it is 
often operated as an open-loop process, with process parameters being 
manually tuned by users based on post-process characterisation and 
analysis [116,117]. As an open-loop process, corrective actions can only 
be taken post-process, which may limit the achievable part quality and 
be wasteful of time, materials, and energy [115,118]. Real-time process 
control allows for corrective actions to be taken during the process, 
maximising build quality, consistency, and reproducibility, and elimi-
nating this waste [119]. Many local geometric features, such as sharp 
corners, are difficult to produce using the fixed processing parameters 
that are optimised for the bulk of the build [120]. Real-time process 
control could allow continuous adjustment of the process parameters to 
allow the desired melt pool and heat transport behaviour for local ge-
ometries through-out a part. 
A report by Mani et al., on the needs for real-time process control 
broke down the PBF process into the relation of its process parameters, 
signatures, and product qualities, as shown in Fig. 16 [118]. The input 
process parameters are divided into controllable, those that could be 
continuously modified during the processing such as laser power, and 
predefined, those that are fixed from the beginning of the build such as 
powder size and distribution. The process signatures - the characteristics 
of the process which may be monitored during the process - are divided 
into those which are directly observable, such as melt pool shape and 
temperature, and those which can be derived from modelling, such as 
residual stresses. Finally the product qualities, the properties of the parts 
being built, can be divided into geometric, mechanical, and physical 
properties. Real-time control requires that the correlations indicated in 
Fig. 16 be identified, developing comprehensive process maps, so that 
in-process sensing of the process signatures can be used for real-time 
control of the processing parameters, to achieve the desired product 
qualities. 
It is worth noting, that the process signature to product quality 
correlation has been more extensively examined than other correlations. 
More research is needed to fully explore the correlations between pro-
cess parameters and process signals, and between process parameters 
Fig. 15. Process monitoring arrangement in an E-PBF machine [105].  
Table 2 
Examples of commercially available in-situ monitoring systems.  






Renishaw MeltView On Melt pool Thermal 
LaserView On Laser spot Optical 
Sonic – Build 
platform 
Acoustic 
SLM LaserPowerMonitoring On Laser spot Optical 
Melt Pool Monitoring On Melt pool Thermal 
Velo Assure On Laser spot Optical 






QM fibre power On Laser spot Optical 
QM Coating Off Powder 
bed 
Optical 
QM melt spool 3D On Melt pool Thermal 
Sigma 
Labs 
Printrite3D sensorpak On Melt pool Thermal 
Printrite3D inspect Multiple Melt pool Thermal 
Printrite3D contour Off Part 
Geometry 
Optical 
Aconity3D Process Monitoring 
High-Speed Camera 
On Melt pool Thermal 
Process Monitoring 
Pyrometer 


















Fig. 16. The relations between process parameters, process signatures, and 
product qualities in the PBF process. 
Reproduced from [118]. 
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and product quality. If this holistic approach is taken to explore these 
causal relationships, this will allow the development of more robust 
models, and enhance model transferability from process-to-process, 
especially where machine learning approaches are used. 
Real-time process control requires robust in-process monitoring 
tools. These tools must be:  
1. Fast and responsive to deliver real-time feedback in timeframes that 
the machine can take corrective action.  
2. Compact and affordable, to allow them to be mounted and operated 
in-situ on commercial AM systems. 
Hardware and software architecture is needed for communication of 
the monitoring data, interpretation of this data in-terms of the correla-
tions and desired properties, and adjustment of the controllable pro-
cessing parameters during the build [33]. 
4.2. Current state-of-the-art 
Real-time process control for PBF based AM methods is still in its 
development stages [116,121], with much of the research mainly 
focused on investigation of the real-time monitoring processes, and 
determination of the correlations and process maps necessary for 
real-time process control [122–126]. 
Some researchers have proposed or simulated designs for real-time 
process control systems for PBF. Vlasea et al. describe the develop-
ment of a PBF test bed for implementing and assessing process moni-
toring methods and real-time process control algorithms [121]. The 
authors present an organisational structure for the measurement and 
process control strategy, see Fig. 17. 
The strategy includes pre-processing, in-situ defect or fault detection, 
in-situ continuous feedback control, and signature-derived control. Pre- 
processing is a digital strategy where part models are compositional and 
topologically optimised before building and thus can be a significant 
step towards the final optimised process [128–131]. 
In-situ defect or fault detection is a simple real-time process control 
strategy, where the controller responds to defects or faults by triggering 
defined actions, interrupting the normal build routine to take a discrete 
corrective action, or halting the build to minimise waste and risk to the 
equipment. This strategy can be applied independently, or in comple-
mentary combination with continuous feedback control. Errors like re- 
coater collisions, contaminants, poor powder spread, or powder 
exhaustion can be managed with this strategy. While there has been 
research into defect detection by in-situ monitoring [132–134], more 
work is needed to develop these into process control systems [121]. 
In-situ continuous feedback control allows for the controllable pro-
cess parameters to be continuously adjusted based on feedback from the 
monitored process signatures. For PBF, the focus is typically on moni-
toring of the melt pool and plasma plume [95,120,132,135,136]. Kruth 
et al. outline a method of continuous feedback control for PBF, using 
CMOS camera and photodiode monitoring of the melt pool [120]. The 
photodiode captures the melt pool radiation, allowing estimation of the 
melt pool area, and the CMOS camera captures a 2D image allowing 
determination of the melt pool geometry. In-situ continuous feedback 
control was implemented to adjust the laser power in real-time to 
maintain a more stable melt pool area throughout the build. The authors 
built benchmark parts containing difficult-to-produce overhang struc-
tures with and without feedback control, and found improved results. 
This illustrates how real-time control can improve part quality. 
The final control strategy described by Vlasea et al. is signature- 
derived control [127]. In this strategy, estimations derived from 
modelling or simulation algorithms which use monitoring data as inputs 
are used to infer quantities that can’t be directly measured in-process. 
This requires process maps which can relate immeasurable quantities 
to those which can be measured. Research for process control of PBF is 
still primarily in the stage of development of these process maps [115, 
123]. However, such control approaches have been implemented for 
some non-PBF-based laser manufacturing methods such as laser clad-
ding. For example, Devesse et al. designed a model-based controller with 
temperature feedback for laser cladding [137]. 
4.3. Machine learning-based process control 
Machine Learning (ML) describes a class of artificial intelligence 
algorithms that continue to learn and improve with further data. There 
are a number of bio-inspired approaches and algorithms relevant in 
manufacturing contexts [138,139]. Biological systems such as neural or 
developmental systems have been noted for their suitability for process 
Fig. 17. Measurement organisational structure for possible PBF process control. 
Developed by Vlasea et al. [127] 
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modelling, monitoring and real-time control. Though suitable, signifi-
cant differences between bio-inspired and true biologically intelligent 
approaches, such as the requirement for bio-inspired artificial intelli-
gence lacking creativity and must be to be optimised for highly specific 
tasks [26,139]. ML has been widely applied across a range of AM pro-
cesses and has been extensively reviewed elsewhere, [140,141]. As 
detailed in prior sections, the AM process has a large number of inter-
acting process parameters, measurable and immeasurable process 
characteristics, and final part properties. The use of ML has allowed the 
prediction of part properties such as compressive strength, tensile 
strength or printability in processes such as Fused Filament Fabrication 
(FFF) [142], Binder Jetting [143] and Vat Photopolymerisation [144]. 
ML has also been applied to PBF processes for the estimation of process 
variables such as build time [143] or part properties such as porosity 
[145]. The approach to use process parameters such as part height, laser 
energy density or scan strategy can be useful information for ML algo-
rithms, allowing correlation to final part property. 
Though more complex, the use of ML towards process monitoring via 
in-situ sensing presents an attractive prospect for potential investiga-
tion. The real-time nature, and often high sampling rate, of the sensors 
used in AM, are well suited for ML, and has become an increasingly 
active area of research. One example from Delli et al. implemented a ML 
approach to process control in an FFF process utilising real-time data 
from in-situ optical imaging [24]. Though there were drawbacks iden-
tified, including increased build time, significant benefits were realised 
such as the ability to recognise process issues such as feedstock 
exhaustion, or the formation of geometric defects. 
ML algorithms require large amounts of input data, with models 
continuing to learn and improve with further data. The potentially high 
volume of data from PBF, from input part models to in-situ process 
monitoring data to post-process part property data, make the process 
highly suitable for a ML approach. However it should be noted that 
processing this data in real time can require significant computational 
power and thus there may be a need to filter the available input data for 
these ML algorithms to be successfully deployed for real-time applica-
tions. Furthermore, the volume and complexity of process factors and 
responses in a PBF process may result in a large volume of coincidental 
correlations, making the identification of causal relationships difficult 
using ML solely. Despite this, ML may be useful in identifying the cor-
relations and developing the process maps which are needed for real- 
time process control, especially when conventional analytical ap-
proaches are insufficient. 
Some researchers have applied ML approaches to PBF, to improve 
selection of parameters, simulation and modelling of the process, and in 
some works to develop towards real-time process control. For example, 
the use of in-situ imaging and ML has allowed for the prediction of part 
properties such as geometric defects [146] and porosity and balling 
[147], or identification of process issues such as recoating errors [148] 
and overmelting [51,149]. 
Silbernagel et al. applied ML to parameter optimisation for PBF 
[150]. The authors collected optical images during production of pure 
copper parts in a laser PBF machine for manual parameter optimisation. 
The images were segmented into image patches which were clustered 
using a ML algorithm. The clusters could then be manually evaluated for 
whether they represented a good quality result, and assigned a score. 
The algorithm could then be applied as a parameter optimisation tool, 
and was found to identify the optimal parameters that would be chosen 
by manual optimisation. The authors note that this approach could be 
developed to allow in-situ assessment and parameter control. 
Özel et al. developed a ML algorithm for areal surface measurements 
of nickel alloy 615 [151]. Though the algorithm was trained using data 
that was gathered from post-build focus variation microscopy, it 
demonstrated the ability to predict areal surface morphology parame-
ters such as arithmetic mean height, skewness and kurtosis in the xy 
(top, as built) and to a lesser extent yz (side, as built) planes. If coupled 
with in-situ surface monitoring, the ML algorithm would be well suited 
towards defect detection of though measurement of variation of part 
surfaces. 
Scime et al. applied an unsupervised ML algorithm to anomaly 
detection via camera monitoring [117]. Raw images were captured by 
the stock powder-bed imaging camera on an EOS M290 machine, and 
broken down into patches which could be manually determined to 
contain or not contain a given powder-spreading related anomaly. A 
database of image patches was developed and used to train the ML al-
gorithm. The trained algorithm could successfully identify and classify 
anomalies using the stock illumination and imaging equipment on the 
machine. It was applied as a post-build analysis tool, however the au-
thors note that the algorithm could be developed for real-time process 
control. 
Gobert et al. implemented a supervised ML algorithm to detect de-
fects by correlating in-situ camera monitoring with post-build computed 
tomography (CT) [152]. High resolution CT scanning is a useful tech-
nique for detecting defects and porosity, and evaluating finished parts, 
however it can only be performed post-build. By training a ML algorithm 
with anomaly data from CT scans, defects may be detected during the 
build via in-situ monitoring. In this work a DSLR camera was used to 
monitor the build layer by layer, generating an image stack for the build. 
The location of defects within finished parts were identified using an 
automated anomaly detection methodology for post-build high--
resolution 3D CT scanning. The detected anomalies were related to the 
image stacks, and used to train the ML algorithm. The authors report 
that the trained algorithm had in-situ defect detection accuracies of 
greater than 80%, which may be improved with further data. 
Wasmer et al. applied ML to in-situ monitoring of acoustic emissions 
in PBF [153]. The authors used a fibre Bragg grating with a tuneable 
laser and photodiode as an acoustic sensor (shown in Fig. 18) for in-situ 
monitoring during AM manufacturing of stainless steel parts using a 
Concept M2 LPBF machine with a range of scanning velocities. The 
workpieces produced were classified as either poor, medium, or high 
quality, and a ML algorithm trained to identify the quality from the 
acoustic emission data. Once trained, the algorithm could identify the 
quality with a confidence level of 74–82%. Again, ML algorithms 
improve with increasing amounts of data, as such this initial result is 
promising and may be improved with further optimisation. 
The above studies illustrate the usefulness of ML algorithms. Due to 
the complexity of PBF and the high volumes of data, ML has a high 
suitability to improving AM methods and aiding in the implementation 
of real-time process control. However, more work is needed to devel-
oped full closed-loop systems. 
5. Conclusions and outlook 
Process sensing and monitoring is finding slow but increasing 
acceptance in L-PBF processes. Thermal, optical, acoustic and other 
signals are present in the process, and through the monitoring of these 
signals, it has been possible to gain significant understanding of the 
physical mechanisms occurring during the build process. While each 
individual sensing approach allows monitoring of specific processes or 
part qualities during the build, considerations such as resolutions, cost 
and integration requirements must be balanced and tailored for each 
Fig. 18. Fibre Bragg grating acoustic emission monitoring system for use with 
LPBF. 
Reproduced from [153]. 
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process as needed especially when employed in production environ-
ments. Despite significant progress made in gathering data from the 
build process, there are still large roadblocks towards applying these 
sensing approaches real-time control of a PBF process, such as: 
• Integration of multiple process sensors to allow for deeper under-
standing of the PBF process and the various properties of relevance to 
a particular build.  
• Large-scale data processing and correlation of multiple sensor signals 
in real-time. 
• The development of machine learning algorithms capable of anom-
aly detection and close-loop control, allowing for reduced operator 
input to the build process. 
While these are all areas currently under investigation, there remains 
significant scope for the development of new process sensing approaches 
or sensor integration strategies. As this field matures further, we will no 
doubt see combination of sensing approaches being developed and 
further advances towards closed-loop smart control being applied. Each 
development shows promise to increase reliability while reducing costs 
for PBF processes, and ultimately allowing greater acceptance of PBF in 
industry, thus unlocking the full potential of intelligent and sustainable 
manufacturing technologies such as AM. 
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